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* 




    The relation between single nucleotide polymorphisms (SNPs) and some diseases has been concerned by 
many researchers. Also the missing SNPs are quite common in genetic association studies. Hence, this 
article investigates the relation between existing SNPs in DNMT1 of human chromosome 19 with 
colorectal cancer. This article aims is to presents an imputation method for missing SNPs not at random. In 
this case-control study, 100 patients suffering from colorectal cancer consulting with the Research Institute 
for Gastroenterology and Liver Disease of Shahid Beheshti University of Medical Sciences were 
considered as the case group and 100 other patients consulting with the same research institute were 
considered as the control group and the genetic test was applied in order to identify the genotype of the 6 
SNPs of the DNMT1 of chromosom 19 for all the patients under investigation. The obtained data were 
analyzed using logistic regression, then a fraction of the data was eliminated both at random and not at 
random and the imputation was done through the EM algorithm and the logistic regression coefficients 
variation before and after the imputation was compared. The results of this study implied that in both 
methods, at random and not at random missing SNPs, the estimation of the logistic regression coefficients 
after the imputation through EM algorithm has a greater correspondence to the results obtained from the 
complete data in comparison with the method of eliminating the missing values.  
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INTRODUCTION 
    Single nucleotide polymorphisms (SNPs) are 
alterations in the DNA which are caused by 
variation in a single nucleotide (A, T, C, or G). 
For example, the DNA sequence may differ from 
AAGGCTAA to ATGGCTAA. To be considered 
as an SNP, the alteration should be observed at 
least in one percent of the society. The SNPs 
which are responsible for about 90 percent of the 
genetic alterations in human body occur per 100 
to 300 bases. Two third of the SNPs are brought 
about by a change from T to C. The SNPs can be 
found in coding and noncoding areas [14].  
    Many of the SNPs do not affect the cell’s 
operation, but some of them are capable of 
preparing the person for catching diseases or 
impacts their healing process. Although more than 
99 percent of human DNA is common to all 
human beings, a change in the DNA can influence 
greatly the human’s reaction to diseases, external 
invasions as bacteria, viruses, toxins, chemicals 
and also the required treatments [2]. As a result, 
the SNPs are so valuable in biomedical researches 
and manufacturing of chemicals and also in 
medical diagnoses. SNPs are hereditary and do 
not change from one generation to the other 
generations and this fact simplifies the population 
studies. The researchers believe that SNP maps is 
a great help for them in finding the effective 
genes in complicated diseases as cancer, diabetes, 
vascular diseases, and some mental diseases. 
Indentifying these associations through common 
methods is a difficult task, since a single gene 
may affect the trend of pathogenesis only slightly 
[10].  




  People with specific SNPs or a number of SNPs 
may be more susceptible when exposed to 
carcinogenic substances or radiations. A single 
SNP may be capable of increasing the risk of 
cancer, but considering the overlap rate and 
multiplicity in the DNA repair path, a single SNP 
can not affect the final result of the cancer greatly 
on its own. Even though, a number of 
polymorphic areas can increase the risk of cancer 
[9].  
    DNA (cytosine-5)-methyltransferase is an 
enzyme that in humans is encoded by the DNMT1 
gene [16]. DNA (cytosine-5-)-methyltransferase 
has a role in the establishment and regulation of 
tissue-specific patterns of methylated cytosine 
residues. Aberrant methylation patterns are 
associated with certain human tumors and 
developmental abnormalities [11]. 
    The colorectal cancer involves the growth of 
cancerous cells in the large intestine, rectum and 
the epenthesis. With a worldwide annual mortality 
rate of 655 thousand people, this disease is the 
fourth widespread cancer in the U.S. and the third 
lethal cancerous disease in the western world 
[1,6]. The colorectal cancer is brought about by 
the growth of a gland in the large intestine. These 
tumors are fungous and are usually benign, but in 
some cases they turn to cancer by the time 
passing. The local colorectal cancer is usually 
diagnosed by colonoscopy.  
Active cancers which are confined in the large 
intestine’s walls (first and second stages of TNM) 
are remediable by a surgery. In the case the 
disease is not cured in this stage, they spread in 
the lymphatic glands of the same area (third 
stage). In this stage there is 70 percent chance of 
remedy through operation and chemotherapy. 
Cancers extended to more distant areas (forth 
stage) are usually untreatable, although the 
chemotherapy can increase the length of life and 
in rare cases operation along with chemotherapy 
has lead to the therapy of the patient. Radiography 
is also used in the therapy of rectum cancer [7]. 
    Logistic regression is an analytic device which 
is widely utilized in medical and epidemiologic 
researches [13]. The objective of logistic 
regression is to acquire the best fitting and the 
most economical models for describing the 
relation between the binary or multi-mode ordinal 
response variable with one or a collection of 
independent variables [5]. 
    In many of the medical data we encounter cases 
in which a part of them is not reported, e.g., 
answer avoidance, not completing the 
questionnaires or the records, incomplete research 
framework, etc. In such cases we should deal with 
missing data which cause many problems in the 
analyzing process. This fact has attracted much 
attention during the recent years. Missing data can 
exist in the covariates and the response variables. 
In this study it is deemed that the missing data 
occur in the covariates and the response variables 
are observed fully. Until now, many different 
methods have been proposed for analyzing 
conditional and unconditional category regression 
models with missing data in covariates. Satten 
and Carroll (2000), have estimated parameters 
based on the maximum likelihood method for 
binary response variables with missing values 
[11]. For a valid analysis, the knowledge about 
missing data mechanism is the key for the 
analysis. Hence, it is needed to clarify the missing 
data mechanism in order to choose the proper 
analytic method. In a univariate sample if the 
missing variables are in a random subsample of 
the main sample, we have missing at random 
(MAR). Missing at random is an ignorable 
mechanism. In the case the missing possibility 
depends on the value of the variable the 
mechanism is missing not at random (MNAR) 
and disregarding in such cases causes bias [3]. 
    Since the missing SNPs are common in genetic 
studies and the statistical inference based on such 
data considering missing mechanism which may 
be at random or not at random, it is essential to 
consider some observations. From among 
methods we can deal with missing values, we can 
refer to first simply ignoring them and second the 
method of imputation. There are different 
methods proposed for imputation, the most 
important of which is Expectation-Maximization 
(EM) algorithm which aims at obtaining 
maximum likelihood estimation. In any iteration 
of EM algorithm E step aims at Expectation and 
M step aims at Maximization. In addition to data 
with missing values, the EM algorithm can be 
used for broken distributions, categorical 
observations or censored data, etc.  
    This study aims at investigating the appropriate 
methods for imputation in data with missing 
SNPs in a missing not at random mechanism 
(MNAR). 




MATERIALS AND METHODS 
    In this case-control study 6 SNPs from the 
DNMT1 gene of the 19
th
 human’s chromosome 
were investigated in two groups which are 
namely; rs61750053, rs62621087, rs16999358, 
rs61750052, rs16999593 and rs2228613. These 
two groups were patients consulting with the 
Research Institute for Gastroenterology and Liver 
Disease of Shahid Beheshti University of Medical 
Sciences in 2008. The case group patients were 
selected among patients suffering from colorectal 
cancer and the control group patients were 
selected among the rest of patients. The sample 
size for each group was 100 cases. The genetic 
test was applied for identifying the genotype of 
the patients in the laboratory of the research 
institute. The statistical analysis of the data was 
implemented using the logistic regression by the 
haplo.stats package which is a sub-package of R 
software. First, using the EM algorithm the 
imputation of the missing SNPs was implemented 
by the haplo.em function. Then the related 
coefficients were estimated by logistic regression 
and the statistical analyses were carried out for 
defining the significance level. After that, a 
fraction of the data was eliminated once at 
random and once at not random and each time the 
related coefficients were estimated by logistic 
regression for defining the significance level. 
Later, the imputation of the missing values was 
done using EM algorithm and again the 
estimation of the logistic regression coefficients 
was implemented. The statistical analysis for 
defining the significant level of them was also 
implemented and the required comparisons were 
carried out for analyzing the efficiency of the 
applied method. 
    The data of this research include a response and 
6 independent variables. Y is a response binary 
variable in which Y=1 represents case group and 
includes patients suffering from colorectal cancer 
and Y=0 represents the control group. The 
independent variables included 6 SNPs as 
explained above. Each of these SNPs is a triple 
mode variable. In the first mode, there is no 
change in any of the paternal and maternal alleles. 
In the second mode, there is a change in one of 
the paternal or maternal alleles. And in the third 
mode the change exists in both paternal and 
maternal alleles.  
 
The logistic regression formula in this study is: 
Logit(P(Y=1|SNPs))=  
0 + 1 S1+ 2 S2+ 3 S3+ 4 S4+ 5 S5+ 6 S6 
In the above formula 0 to 6 represent the logistic 
regression coefficients and S1 to S6 represent the 
SNP1 to SNP6. It should also be noted that in the 
above formula the interactions are ignored due to 
their little significance in the obtained results. 
 
RESULTS 
In the first stage the related coefficients of logistic 
regression was estimated and the statistical test 
was implemented for identifying their 
significance level. The results of this stage are 
shown in table 1. As shown in table 1, all logistic 
regression coefficients, except the SNP5 
coefficient, were proved to be significant. This 
implies that 5 SNPs have a significant relation to 
the colorectal cancer risk. Moreover, the Hosmer 
and Lemeshow Test for goodness of fit proved the 
model with a P=0.929. 
 
Table1. Estimation of logistic regression coefficient for 
complete data 
P_value Z_value SE  Factor 
2.45e-07 -5.162 4.33931 -22.39818 Intercept 
5.68e-06 4.538 0.65203 2.95896 SNP1 
1.56e-05 4.320 0.68161 2.94461 SNP2  
4.01e-06 4.611 0.69537 3.20642 SNP3 
0.0188 2.350 1.65556 3.89093 SNP4 
0.9537 0.058 0.74549 0.04331 SNP5 
3.20e-05 4.159 0.61218 2.54605 SNP6 
     
    In the next stage, 10 percent of the SNPs were 
eliminated at random and considered as the 
missing values. Again the related coefficients 
were estimated using logistic regression after 
eliminating the missing values and the statistical 
test was implemented again for identifying the 
significance level of them. The results are shown 
in table 2. As shown in table 2, after eliminating 
the missing SNPs, in addition to the SNP5 
coefficient, the SNP4 coefficient is not significant 
too. Moreover, the increase in SE values indicates 
a decrease in the accuracy of estimations and a 
decreased efficiency of the model. 




Table2. Estimation of logistic regression for omitted missing 
data at random (MAR) 
 p_value Z_value SE  Factor 
0.02778 -2.200 9.45546 -20.80570 Intercept 
0.00172 3.135 1.14685 3.59483 SNP1 
0.00313 2.955 1.24776 3.68693 SNP2  
0.00179 3.122 1.12306 3.50666 SNP3 
0.99391 0.008 7.40516 0.05652 SNP4 
0.64670 -0.458 1.10243 -0.50530 SNP5 
0.00617 2.739 1.08223 2.96382 SNP6 
     
    In the next stage, the imputation of the missing 
SNPs with an EM algorithm was implemented 
and again the related coefficients were estimated 
using logistic regression. As shown in table 3, all 
logistic regression coefficients, except the SNP5 
coefficient, were proved to be significant. This 
implies that the imputation of the missing values 
was implemented with a high level of accuracy 
and the obtained results did not differ with the 
results of the complete data. The decrease in the 
SE values in the obtained model from the 
imputation indicates the increase of the estimation 
accuracy. The Hosmer and Lemeshow Test for 
goodness of fit also confirmed the results with 
P=0.114. 
 
Table3. Estimation of logistic regression coefficient after the 
imputation by EM algorithm in random missing SNPs 
p_value Z_value SE  Factor 
1.72e-08 -5.638 2.9384 -16.5672 Intercept 
4.47e-05 4.082 0.4450 1.8161 SNP1 
4.65e-07 5.040 0.5080 2.5603 SNP2  
1.35e-07 5.272 0.5013 2.6425 SNP3 
0.018 2.367 1.4395 3.4068 SNP4 
0.333 -0.969 0.6206 -0.6013 SNP5 
4.98e-05 4.056 0.4480 1.8173 SNP6 
        
     In the next stage, 20% of the third mode, 15% 
of the second mode and 5% of the first mode of 
the primary SNP data were eliminated, to create 
not at random missing SNPs in a way that the 
missing mechanism depend on the value of the 
variable. Once again the related coefficients were 
estimated using logistic regression for the 
remaining cases. The results are presented in 
Table 4. As can be observed in table 4, after 
eliminating missing data, in addition to 
SNP5coefficient, the SNP4 coefficient was not 
also proved significant. The increase in SE values, 
like the situation in table 2, indicates a decrease in 
the accuracy of the estimations and the decreased 
efficiency of the model. 
 
Table4. Estimation of logistic regression for omitted missing 
data not at random (MNAR) 
p_value Z_value SE  Factor 
0.000133 -3.821 5.3116 -20.2969 Intercept 
5.76e-05 4.022 0.7497 3.0157 SNP1 
0.001337 3.208 0.7422 2.3809 SNP2  
0.000348 3.577 0.7999 2.8608 SNP3 
0.266818 1.110 3.1651 3.5146 SNP4 
0.775023 0.286 1.1787 0.3369 SNP5 
0.004317 2.854 0.6571 1.8753 SNP6 
 
    In the next stage, the imputation of the missing 
not at random SNPs was implemented using EM 
algorithm and again the related coefficients were 
estimated using logistic regression. See the results 
in table 5.   As can be seen in table 5, all logistic 
regression coefficients, except SNP4 and SNP5 
coefficients are proved to be significant. This 
indicates that the imputation of the missing not at 
random values is less accurate in comparison with 
the status in which the missing mechanism was at 
random. The comparison of the estimated 
coefficients showed that after the imputation the 
estimations were more accurate than when the 
missing values were eliminated. The decrease of 
the SE values in table 5 in comparison with table 
4 shows that the accuracy of the estimations and 
their efficiency is increased.  
Table5. Estimation of logistic regression coefficient after the 
imputation by EM algorithm in not at random missing SNPs 
P_value Z_value SE  Factor 
2.00e-10 -6.361 2.1087 -13.4132 Intercept 
1.51e-06 4.809 0.4393 2.1129 SNP1 
0.000227 3.687 0.3940 1.4526 SNP2  
2.72e-06 4.691 0.4357 2.0439 SNP3 
0.194167 1.298 0.9889 1.2840 SNP4 
0.096707 1.661 0.5934 0.9857 SNP5 
2.59e-05 4.206 0.3969 1.6694 SNP6 





The P value obtained in the Hosmer and 
Lemeshow Test for goodness of fit equated to 




    In a research carried out in 2003, William 
Grady stated that colorectal cancer is the third 
mortality cause in the U.S. and also concluded 
that 20 to 30 percent of people suffering from this 
disease have a provable hereditary factor [15]. 
    In another study, James Dai, et al. (2006) 
applied some imputation methods for missing 
values and compared the results with the 
traditional method of eliminating missing values 
and concluded that “imputation generally 
improves efficiency over the standard practice of 
ignoring  missing data”. They also concluded that 
results obtained using the EM or WEM 
algorithms prove to be more reliable in 
comparison with other imputation methods [5]. 
    In 2010, Martha Slattery, et al. investigated 561 
cases and 721controls to show the relation 
between re4464148 with colorectal cancer. The 
result of this study showed that the odds ratio of 
catching colorectal cancer through a comparison 
with  TT is OR=1.06 (95%CI:0.82-1.38)  for  CT  
and OR=1.86 (95%CI:1.17-2.96) for CC which is 
significant in a 0.04 level of significance [8]. 
    Grittner, et al. (2011) investigated five different 
methods of imputation for missing not at random 
data and came up with the result that the 
“Bayesian approach yielded the most unbiased 
estimates for imputation” (p. 50) [3]. 
    This study was an attempt to investigate the 
efficiency of different mechanisms of missing 
data and it was shown that using EM algorithm 
for the imputation of the missing data yields 
better statistical results in comparison with the 
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